Abstract: Extreme precipitation has received much attention because of its implications for hazard assessment and risk management. However, accurate precipitation information for extreme precipitation research from dense rain gauges is still difficult to obtain in developing countries or mountainous regions. Satellite-based precipitation products (SPPs) with high spatial and temporal resolution offer a new way of supplementing data from gauge-based observations. This study aims to evaluate the precision of six SPPs in detail at multiple temporal and spatial scales and explore their ability to capture the characteristics of extreme precipitation from 2009 to 2014 over a semi-arid to semi-humid climate transition area (Wei River basin) in China. The six products are TRMM 3B42RT, TRMM 3B42V7, PERSIANN, PERSIANN CDR, CMORPH RAW, and CRORPH CRT. China gauge-based daily precipitation analysis (CGDPA) provided by the China Meteorological Administration is used as the benchmark reference data. Various statistical evaluation techniques and extreme precipitation indices are used to evaluate and compare the performance of the selected products. The results show that the post real-time products (TRMM 3B42V7, PERSIANN CDR, and CMORPH CRT) agreed better with the reference data than PERSIANN and CMORPH RAW. On a daily scale, TRMM 3B42V7, PERSIANN CDR, and CMORPH CRT displayed similarly good performance. However, at the monthly or annual scale, TRMM 3B42V7 was superior to the other products. With regard to the spatial distribution of precipitation, the datasets performed better over plains and were disappointing over mountainous areas. Additionally, TRMM 3B42V7 provided higher precision and less spatial uncertainty when monitoring extreme precipitation. This study provides a basis for selecting alternative precipitation data for climate transition basins.
Introduction
Extreme precipitation refers to when the amount of a precipitation event exceeds a certain threshold [1] , resulting in a series of social, environmental, and ecological problems [2, 3] . Amplified by the observed climate change, many studies have shown that extreme precipitation events have Remote Sens. 2019, 11, 1477 3 of 21 CCS, TMPA, and CMORPH [14] . The most notable feature of GPM is that it is able to detect both light (<0.5 mm·h −1 ) and solid precipitation, which are important features of the annual precipitation in high latitudes. GPM can be considered a better dataset than TRMM, especially for the mid and higher latitudes and dry climatic regions [26, 36] . GSMaP refers to the global satellite mapping of precipitation project that used PMW plus IR [18] . GSMaP focused on capturing the spatial patterns of precipitation, especially in wet periods [37] . The CHIRPS dataset refers to the climate hazards group infra-red precipitation with station data using three types of information: Global climatologies, satellite estimates, and in situ observations [21] . Some studies have suggested that CHIRPS detected changes in extreme precipitation more effectively than TRMM [38] . As a result of the range of SPPs sources and different precipitation retrieval algorithms used, the accuracy of these products has high uncertainty, particularly with regard to spatial and temporal scales and the regions covered. This makes evaluation of SPPs and their ability to capture extreme precipitation a prerequisite before they can be applied to studies of extreme precipitation for specific regions.
Most of the previous studies with SPPs focused on the evaluation of satellite data accuracy and their application. However, relatively few studies have focused on the ability of SPPs to detect extreme precipitation. Previous studies regarding extreme precipitation have mainly focused on using TRMM [27, 39, 40] and PERSIANN CDR [31, 39, 41] data and have primarily concentrated on heavy precipitation [39, 40] . However, the ability of other precipitation products to detect extreme precipitation (including heavy precipitation that may cause floods and light precipitation that may cause droughts) is not clear, especially in China. The Wei River basin is located in a fragile eco-environment area in northwestern China with broken terrain and low vegetation cover. Inhomogeneous precipitation in this region can easily result in either major droughts or disastrous flooding. Extreme precipitation can also induce soil erosion, debris flow, and landslides [37] . Therefore, there is a pressing need to study the capacity of various SPPs to detect extreme precipitation (including heavy and light precipitation) over the Wei River basin. In this study, we have undertaken a comprehensive evaluation of six SPPs to assess their accuracy at different spatiotemporal scales and their ability to capture the characteristics of extreme precipitation. This study provides a useful guide to the potential use of SPPs for future hazard assessment and risk management in areas undergoing climate transition.
The structure of the paper is as follows: Section 2 introduces the study area, the seven different precipitation datasets, and the methodology we adopted. Sections 3 and 4 present the evaluation results and discuss their implications, respectively. Our overall conclusions can be found in Section 5.
Materials and Methods

Study Area
The Wei River (33.40 • -37.26 • N, 103.57 • -110.27 • E) is located in the northwest of China, which belongs to a typical semi-arid and semi-humid climate. It rises from Niaoshu Mountain in the Weiyuan country and runs into the Yellow River at Tongguan. There are two large tributaries in the Wei River basin, the Jing River and the Beiluo River. The Wei River basin can be divided into five sub-basins, including the upper, middle, and lower reaches of the main stream of the Wei River and the two tributaries (Figure 1b) . The Wei River basin is the largest tributary of the Yellow River, covering a drainage area of about 134,800 km 2 . The elevation within the Wei River basin ranges from 319 m to 3925 m. It is cold and dry in the winter, when it is influenced by the Mongolia high-pressure system, but hot and rainy in the summer, when it is affected by the West Pacific subtropical high-pressure system [42] . The long-term average annual precipitation is about 545 mm and the mean annual temperature is between 7.8 and 13.5°C [42] . The annual land pan evaporation is approximately 500 mm and the annual potential evapotranspiration ranges from 660 to 1600 mm [43] . 
Data
Reference Data
Although gauge stations are sparse in some areas, they are still the most direct way of obtaining accurate measurements at present [8] . We therefore employed the China gauge-based daily precipitation analysis (CGDPA) provided by the China Meteorological Administration as a reference dataset for this study. This dataset interprets information from about 2400 gauge stations across mainland China, using an optimal interpolation method [44] . Research has verified the accuracy of CGDPA products. The study shows that the CGDPA has a smaller bias and root mean square error, and a higher spatial correlation than climate prediction center unified gauge dataset (CPC_UNI). The CGDPA also captures more strong rainfall events while the CPC_UNI and the East Asia gauge analysis (EA_Gauge) tends to smooth the precipitation structure and miss more local strong rainfall events [44] . The high accuracy of the CGDPA can mainly be attributed to the large number of gauges used for interpolation [44] . These data have been widely used as benchmark data [45, 46] and as input for hydrological models [47] . This study used the CGDPA data from 2009 to 2014, with a spatial resolution of 0.25° × 0.25° and a daily temporal resolution. The dataset is available from http://data.cma.cn.
SPPs
In this study, six SPPs including TRMM 3B42RT, TRMM 3B42V7, PERSIANN, PERSIANN CDR, CMORPH RAW, and CMORPH CRT were used and compared to the reference dataset. Simple descriptions of these datasets are given below. Further detail can be obtained from the corresponding references. Table 1 summarizes the available periods, spatial and temporal resolution, coverage, category information, and latency for the six datasets. 
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SPPs
In this study, six SPPs including TRMM 3B42RT, TRMM 3B42V7, PERSIANN, PERSIANN CDR, CMORPH RAW, and CMORPH CRT were used and compared to the reference dataset. Simple descriptions of these datasets are given below. Further detail can be obtained from the corresponding references. Table 1 summarizes the available periods, spatial and temporal resolution, coverage, category information, and latency for the six datasets.
The TRMM 3B42 product is one of the TRMM datasets that applies the TRMM multi-satellite precipitation analysis (TMPA) algorithm [15] . The TMPA estimates are produced in four stages: (1) The PMW precipitation estimates are calibrated and combined; (2) the IR precipitation estimates are created using the calibrated PMW precipitation; (3) the PMW and IR estimates are combined; and (4) the rain gauge data is incorporated [15] . TRMM 3B42RT is a near real-time product. The latest product version, TRMM 3B42V7, is a post real-time product that combines precipitation estimates from PMW and IR satellites, together with the GPCC monthly gauge analysis. All of the TRMM 3B42 datasets are available from Goddard Earth Sciences Data and Information Services Center (http://mirador.gsfc.nasa.gov). The daily accumulated TRMM 3B42RT product and the TRMM 3B42V7 product with a 0.25 • × 0.25 • spatial scale are used in this study.
The PERSIANN system uses an ANN method to convert IR information into rain rates [17] . The inputs of ANN model are the gridded satellite IR data, and the model parameters are regularly updated using rainfall estimates from low-orbital satellites. The estimated PERSIANN are further Remote Sens. 2019, 11, 1477 5 of 21 adjusted through a bias removal procedure using the GPCP 2.5 • monthly precipitation data to generate PERSIANN CDR. In this study, the daily and 0.25 • × 0.25 • spatiotemporal scales of the PERSIANN and PERSIANN CDR data were employed (see ftp://persiann.eng.uci.edu/CHRSdata/PERSIANN/daily/). CMORPH, which stands for the NOAA Climate Prediction Center morphing technique [16] , are precipitation estimation products. A flexible method is used to combine existing PMW-based precipitation estimates from multiple low-orbit satellites with IR data from multiple geostationary satellites [16] . The CMORPH CRT product is generated by adjusting the CMORPH RAW product against the CPC unified daily gauge analysis over land and against the pentad GPCP over the sea by drawing upon a probability density function matching bias correction method. The CMORPH datasets are available at ftp://ftp.cpc.ncep.noaa.gov/precip/CMORPHV1.0/. In this study, both the CMORPH RAW and CMORPH CRT datasets were used at a 0.25 • daily spatiotemporal resolution.
Methodology
Statistical Analysis
In this study, seven commonly used statistical metrics were applied to evaluate the accuracy of the six products at different temporal scales (daily, monthly, and annual) and different spatial scales (0.25 • × 0.25 • grid, sub-basin, and whole basin) in comparison to the reference dataset. The relevant metrics are the correlation coefficient (R); the mean absolute error (MAE); the root mean squared error (RMSE); the relative bias (BIAS); the probability of detection (POD); the false alarm ratio (FAR); and the critical success index (CSI). These metrics were calculated as follows:
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where n refers to the number of samples; Gi represents the reference precipitation data; and Pi stands for the precipitation estimates from the evaluated datasets. The threshold for judging whether a precipitation event had occurred was 0.1 mm/day because the minimum precipitation that can be measured in a precipitation gauge station is 0.1 mm [48, 49] . H refers to the number of precipitation events detected within both the reference precipitation dataset and the SPPs synchronously; M stands for the number of precipitation events observed within the reference dataset but not detected by the SPPs; and F refers to the number of precipitation events detected by the SPPs that were not observed in the reference dataset. R describes the degree of correlation between the reference data and the SPPs. The larger R value indicates the larger agreement between the SPPs and the reference data. The MAE and RMSE reflect the average error between the SPP and the reference dataset. The smaller the RMSE and MAE, the smaller the error between the SPPs and the reference data. The BIAS represents the systematic error of the SPPs and its relative degree. A negative (or positive) value means the datasets underestimate (or overestimate) in relation to the reference data. A smaller absolute BIAS value indicates a smaller deviation. The POD describes the proportion of reference precipitation events detected correctly by the evaluated product. The FAR describes the proportion of precipitation events detected by the SPPs that were not observed in the reference precipitation data. The CSI is an index of the overall capacity of the SPPs to correctly capture precipitation events in relation to the reference precipitation data. A high POD and CSI value and a low FAR value are indicative of good SPP performance.
Extreme Precipitation Analysis
In this study, 12 types of extreme precipitation indices, as defined by the expert team on climate change detection and indices, were used to describe the extreme precipitation characteristics in the study area. These indices are widely used around the world [2, 50, 51] . Their details are provided in Table 2 . Figure 2 shows the statistical results of the six SPPs for daily precipitation at different spatial scales. The post real-time products (TRMM 3B42V7, PERSIANN CDR, and CMORPH CRT) had higher R values than the real-time products, indicating better consistency with reference data. The performance of the different products is similar for the MAE and RMSE results. Two products (TRMM 3B42RT, TRMM 3B42V7) overestimated the precipitation, with a positive BIAS value, while PERSIANN and CMORPH RAW underestimated the precipitation and had a negative BIAS value. It is worth mentioning that CMORPH CRT and PERSIANN CDR had a fairly low BIAS. PERSIANN and CMORPH had relatively high POD and FAR values, while TRMM had relatively low POD and FAR values. The CSI values for all six products were similar. An additional point to note is that, for most indicators (except BIAS), the accuracy of the products improved with an increase of spatial scale. To further illustrate the spatial variability of the SPPs examined in this study, we also give the spatial distribution of three post real-time products for the three evaluation indices (R, POD, and CSI) at the daily and grid scale in Figure 3 and the other four evaluation indices (BIAS, MAE, RMSE, and FAR) in Figure A1 . It can be seen that all of the products achieved a high level of precision in the southern part of the Wei River basin but low precision in the northern part, apart from for the MAE and RMSE values. The MAE and RMSE values are smaller in the northwestern part of the Wei River basin. Making a careful comparison between Figures 1, 3 and A1, it can be seen that the datasets performed better over the plains but had a disappointing performance for more mountainous areas.
Results
Evaluation of the SPPs at Different Temporal Scales
Daily Temporal Scale
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Figure 2. Statistical results of (a) R, (b) MAE, (c) RMSE, (d) BIAS, (e) POD, (f) FAR and (g) CSI of the six SPPs for daily precipitation at different spatial scales.
To further illustrate the spatial variability of the SPPs examined in this study, we also give the spatial distribution of three post real-time products for the three evaluation indices (R, POD, and CSI) at the daily and grid scale in Figure 3 and the other four evaluation indices (BIAS, MAE, RMSE, and FAR) in Figure A1 . It can be seen that all of the products achieved a high level of precision in the southern part of the Wei River basin but low precision in the northern part, apart from for the MAE and RMSE values. The MAE and RMSE values are smaller in the northwestern part of the Wei River basin. Making a careful comparison between Figures 3, A1, and 1, it can be seen that the datasets performed better over the plains but had a disappointing performance for more mountainous areas. 
Monthly and Annual Temporal Scale
In order to evaluate the SPPs at a different temporal scale, the daily precipitation data were aggregated to a monthly total precipitation for the reference data and the six SPPs. A similar analysis was conducted to the one undertaken for the results at a daily temporal scale. Note that, at a monthly and annual temporal scale, the POD, FAR, and CSI results are not considered because monthly and annual cumulative precipitation could not reflect whether specific precipitation events had been detected by the SPPs. Note also that the formula for the BIAS result made it proportional across the daily, monthly, and annual temporal scales. Only three metrics R, MAE, and RMSE are therefore presented here (Tables 3 and 4 ). The scatter plots for the monthly total precipitation from the reference data and the six SPPs at a grid scale are shown in Figure 4 . TRMM 3B42V7 showed the best performance, with the largest R and the smallest MAE and RMSE across all of the different spatial scales, while the PERSIANN products had the lowest accuracy (see Table 3 ). We found that for the related products, correction using gauge data was effective and improved the accuracy (TRMM 3B42V7 compared with TRMM 3B42RT, PERSIANN CDR compared with PERSIANN, CMOPRH CRT compared with CMORPH RAW). 
In order to evaluate the SPPs at a different temporal scale, the daily precipitation data were aggregated to a monthly total precipitation for the reference data and the six SPPs. A similar analysis was conducted to the one undertaken for the results at a daily temporal scale. Note that, at a monthly and annual temporal scale, the POD, FAR, and CSI results are not considered because monthly and annual cumulative precipitation could not reflect whether specific precipitation events had been detected by the SPPs. Note also that the formula for the BIAS result made it proportional across the daily, monthly, and annual temporal scales. Only three metrics R, MAE, and RMSE are therefore presented here (Tables 3 and 4 ). The scatter plots for the monthly total precipitation from the reference data and the six SPPs at a grid scale are shown in Figure 4 . TRMM 3B42V7 showed the best performance, with the largest R and the smallest MAE and RMSE across all of the different spatial scales, while the PERSIANN products had the lowest accuracy (see Table 3 ). We found that for the related products, correction using gauge data was effective and improved the accuracy (TRMM 3B42V7 compared with TRMM 3B42RT, PERSIANN CDR compared with PERSIANN, CMOPRH CRT compared with CMORPH RAW). Figure 5 shows the temporal variation in the monthly precipitation estimates over the whole basin for the reference data and the six SPPs. TRMM 3B42RT, TRMM 3B42V7, PERSIANN CDR, and CMORPH CRT all performed well, but for TRMM 3B42RT, PERSIANN CDR, and CMORPH CRT, the total summer precipitation was underestimated in 2009, 2013, and 2014. CMORPH RAW roughly captured the monthly precipitation process, but it always seriously underestimated the total summer precipitation. PERSIANN barely managed to track the pattern of the reference data at all. After evaluation at a monthly scale, the monthly precipitation data was further aggregated to an annual precipitation. In Table 4 , we only present the evaluation metrics at a grid scale because of the lack of annual data at a sub-basin and whole basin scale. Scatter plots of the precipitation at an annual scale from the reference data vs. the six SPPs are shown in Figure 6 . Table 4 summarizes the statistical results. Similar to the monthly scale, TRMM 3B42V7 again performed the best, with the largest R and the smallest MEA and RMSE. After evaluation at a monthly scale, the monthly precipitation data was further aggregated to an annual precipitation. In Table 4 , we only present the evaluation metrics at a grid scale because of the lack of annual data at a sub-basin and whole basin scale. Scatter plots of the precipitation at an annual scale from the reference data vs. the six SPPs are shown in Figure 6 . Table 4 summarizes the statistical results. Similar to the monthly scale, TRMM 3B42V7 again performed the best, with the largest R and the smallest MEA and RMSE. Table 5 shows the average of the extreme precipitation indices for the reference data and the different SPPs across all grids. It also shows the mean absolute error for the 12 extreme precipitation indices based on the reference data. Figure 7 shows boxplots for the reference data and the six SPPs for the six absolute threshold extreme precipitation indices: R0.1 mm; R10 mm; R12 mm; R25 mm; PRCPTOT, and SDII. It can be seen that all of the SPPs overestimated the R0.1mm value to various degrees. Among all the datasets, the R0.1 mm values for the two types of TRMM product were Table 5 shows the average of the extreme precipitation indices for the reference data and the different SPPs across all grids. It also shows the mean absolute error for the 12 extreme precipitation indices based on the reference data. Figure 7 shows boxplots for the reference data and the six SPPs for the six absolute threshold extreme precipitation indices: R0.1 mm; R10 mm; R12 mm; R25 mm; PRCPTOT, and SDII. It can be seen that all of the SPPs overestimated the R0.1mm value to various degrees. Among all the datasets, the R0.1 mm values for the two types of TRMM product were closest to the value of the reference data, while the R0.1mm values for CMORPH RAW, CMORPH CRT, PERSIANN, and PERSIANN CDR were significantly larger. We also found that the R0.1 mm values for CMORPH RAW, CMORPH CRT, PERSIANN, and PERSIANN CDR had a wide distribution, indicating uncertainty in capturing precipitation days. For the R10mm, R12 mm, and R25mm results, the two types of PERSIANN and the two types of CMORPH underestimated the values instead, especially PERSIANN, PERSIANN CDR, and CMORPH RAW. The two types of TRMM overestimated the values for R10 mm, R12 mm, and R25 mm, but the degree of overestimation for TRMM 3B42V7 was low. Taking the R0.1 mm and R10 mm results together, we can conclude that the two types of CMORPH and the two types of PERSIANN overestimated the number of precipitation days in the year, especially the number of days when the precipitation was less than 10 mm. For the R10 mm, R12 mm, and R25 mm results, we found that TRMM 3B42V7 had the strongest detection ability for moderate precipitation (R10 mm) and erosion precipitation (R12 mm) events. CMORPH CRT also performed well. The two types of PERSIANN products performed poorly, with PERSIANN having the worst detection ability for moderate precipitation (R10 mm), erosion precipitation (R12 mm), and heavy precipitation (R25 mm) events of all. In the case of the PRCPTOT index, TRMM 3B42RT and TRMM 3B42V7 overestimated the total precipitation on wet days, while CMORPH RAW and two types of PERSIANN underestimated it (see Table 5 ). It should be noted that CMORPH CRT is closest to the reference value. The bias for TRMM 3B42V7 and PERSIANN CDR was also relatively small. For the SDII, TRMM had a larger value than the reference data, while for PERSIANN and CMORPH it was smaller. It should be pointed out that TRMM 3B42V7 and CMORPH CRT were the closest products to the reference data amongst the six products we evaluated. For the second category of extreme precipitation indices, we looked at the maximum indices of precipitation, with respect to the daily precipitation values (RX1day and RX5day), the duration of rain/no rain periods (consecutive dry days (CDD) and consecutive wet days (CWD)), and the percentile indices (R95p and R99p). For the RX1day and RX5day indices shown in Figure 8 and Table 5 , it can be seen that TRMM overestimated the maximum precipitation slightly, while CMORPH and PERSIANN underestimated it. These results were also consistent with the results for the R95p and R99p indices. For the CDD index, most of the datasets overestimated the consecutive dry days except PERSIANN, with PERSIANN CDR again being closest to the reference data. For the CWD index, the performance of the two types of TRMM and the two types of CMORPH products was basically consistent with the reference data, while the two types of PERSIANN slightly underestimated the consecutive wet days, particularly PERSIANN CDR. Upon closer inspection, TRMM 3B42V7 and CMORPH CRT were better able to capture the behavior of extreme precipitation (see the last line of For the second category of extreme precipitation indices, we looked at the maximum indices of precipitation, with respect to the daily precipitation values (RX1day and RX5day), the duration of rain/no rain periods (consecutive dry days (CDD) and consecutive wet days (CWD)), and the percentile indices (R95p and R99p). For the RX1day and RX5day indices shown in Figure 8 and Table 5 , it can be seen that TRMM overestimated the maximum precipitation slightly, while CMORPH and PERSIANN underestimated it. These results were also consistent with the results for the R95p and R99p indices. For the CDD index, most of the datasets overestimated the consecutive dry days except PERSIANN, with PERSIANN CDR again being closest to the reference data. For the CWD index, the performance of the two types of TRMM and the two types of CMORPH products was basically consistent with the reference data, while the two types of PERSIANN slightly underestimated the consecutive wet days, particularly PERSIANN CDR. Upon closer inspection, TRMM 3B42V7 and CMORPH CRT were better able to capture the behavior of extreme precipitation (see the last line of Table 5 ), which suggests that calibration based on observed data enhances the ability to detect extreme precipitation. 
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Spatial Analysis of the Capability of SPPs to Capture Extreme Precipitation
After analyzing the average capacity of SPPs to identify extreme precipitation, we look at the spatial distribution patterns for their capture of extreme precipitation events. In view of the results presented above, we chose R0.1 mm, R10 mm, SDII, RX1day, CWD, and CDD for more detailed spatial analysis. Figure 9 shows the spatial distribution of the mean relative error of four indices (R0.1mm, R10mm, SDII and RX1day) for three post real-time products. Figure A2 shows the spatial 
After analyzing the average capacity of SPPs to identify extreme precipitation, we look at the spatial distribution patterns for their capture of extreme precipitation events. In view of the results Remote Sens. 2019, 11, 1477 13 of 21 presented above, we chose R0.1 mm, R10 mm, SDII, RX1day, CWD, and CDD for more detailed spatial analysis. Figure 9 shows the spatial distribution of the mean relative error of four indices (R0.1mm, R10mm, SDII and RX1day) for three post real-time products. Figure A2 shows the spatial distribution of the mean relative error of CWD and CDD for three post real-time products. The spatial distribution of the mean relative error of six indices mentioned above for three near real-time products is shown in Figure A3 . A positive (negative) mean relative error implies an overestimate (underestimate) with the perfect value being 0. values produced by TRMM 3B42RT were corrected by TRMM 3B42V7, with the accuracy of TRMM 3B42RT generally being improved upon. We similarly found that CMORPH CRT improved the accuracy of CMORPH RAW for some indices, including R10 mm, SDII, and RX1day. Comparing the different SPPs in general, TRMM 3B42V7 was better at capturing extreme precipitation characteristics in the Wei River basin than CMORPH CRT and PERSIANN CDR. This is made visible in Figure 9 by the lighter colors over all. In order to illustrate the spatial distribution information for the mean relative error more clearly, frequency distribution histograms and distribution curves for the mean relative error are presented in Figure 10 . As can be seen, the distribution curves for TRMM 3B42V7 for R0.1 mm and R10 mm were more peaked and tighter, with mean values closer to zero. This suggests very small extreme precipitation detection differences across the different grids for these two indices. For SDII and RX1day, the average value of distribution curves for TRMM 3B42V7 and CMORPH CRT were near zero. For CWD, the distribution curves for the two types of TRMM product and two types of CMORPH product were similar, while the curve of PERSIANN CDR had a significant deviation to the right, indicating a large number of overestimates. As for CDD, PERSIANN showed a deviation to the left, while the curves for the other products showed different degrees of right deviation. Overall, for most indicators, the ability of TRMM 3B42V7 to detect extreme precipitation was less uncertain than the other products in spatial terms. CMORPH CRT also performed well, but it overestimated the days of precipitation (R0.1 mm) for many of the grids. For R0.1 mm, the overestimation of precipitation days by PERSIANN CDR and two types of CMORPH was noticeably higher than it for TRMM over the whole basin. PERSIANN produced high spatial compilation and overestimated the number of precipitation days (R0.1 mm value) in the western part of the basin and underestimated it in the eastern part of the basin. For R10 mm, the spatial distribution of TRMM 3B42V7 and CMORPH CRT was more uniform, while the other products significantly overestimated or underestimated the moderate precipitation days. For SDII, PERSIANN mainly overestimated the value in the western mountainous area, while CMORPH RAW mainly overestimated the value in the eastern plains. For RX1day, PERSIANN mainly overestimated the value in the western mountains. For most of the indices, any abnormally high values produced by TRMM 3B42RT were corrected by TRMM 3B42V7, with the accuracy of TRMM 3B42RT generally being improved upon. We similarly found that CMORPH CRT improved the accuracy of CMORPH RAW for some indices, including R10 mm, SDII, and RX1day. Comparing the different SPPs in general, TRMM 3B42V7 was better at capturing extreme precipitation characteristics in the Wei River basin than CMORPH CRT and PERSIANN CDR. This is made visible in Figure 9 by the lighter colors over all.
In order to illustrate the spatial distribution information for the mean relative error more clearly, frequency distribution histograms and distribution curves for the mean relative error are presented in Figure 10 . As can be seen, the distribution curves for TRMM 3B42V7 for R0.1 mm and R10 mm were more peaked and tighter, with mean values closer to zero. This suggests very small extreme precipitation detection differences across the different grids for these two indices. For SDII and RX1day, the average value of distribution curves for TRMM 3B42V7 and CMORPH CRT were near zero. For CWD, the distribution curves for the two types of TRMM product and two types of CMORPH product were similar, while the curve of PERSIANN CDR had a significant deviation to the right, indicating a large number of overestimates. As for CDD, PERSIANN showed a deviation to the left, while the curves for the other products showed different degrees of right deviation. Overall, for most indicators, the ability of TRMM 3B42V7 to detect extreme precipitation was less uncertain than the other products in spatial terms. CMORPH CRT also performed well, but it overestimated the days of precipitation (R0.1 mm) for many of the grids. 
Discussion
In this study, we found that the post real-time products (TRMM 3B42V7, CMORPH CRT, and PERSIANN CDR) had a higher precision for the Wei River basin. On a daily scale, TRMM 3B42V7, PERSIANN CDR, and CMORPH CRT had different pros and cons. On a monthly and annual scale, 
In this study, we found that the post real-time products (TRMM 3B42V7, CMORPH CRT, and PERSIANN CDR) had a higher precision for the Wei River basin. On a daily scale, TRMM 3B42V7, PERSIANN CDR, and CMORPH CRT had different pros and cons. On a monthly and annual scale, TRMM 3B42V7 performed the best among the six datasets, which coincides with the results for the Yangtze River reported by Li et al. [7] . This can be attributed to the fact that CMORPH CRT uses daily gauge analysis to correct the bias, while TRMM 3B42V7 uses GPCC monthly rain gauge analysis for its corrections. The PERSIANN dataset showed the worst performance for the Wei River basin overall, which is in agreement with other similar studies in the Meichuang basin in China [22] . Li et al. [7] also found a similar result and suspected that it arose from a lack of training of the ANN parameters as PERSIANN was only trained on results from the United States [37] . However, the accuracy of PERSIANN CDR is acceptable, which indicates that it is effective to use measured site data for bias removal procedure. With regard to extreme precipitation detection, the level of agreement between TRMM 3B42V7 and the reference dataset, as measured by the 12 extreme precipitation indices, demonstrated that TRMM 3B42V7 is the most reliable product for capturing extreme precipitation characteristics in the Wei River basin, followed by CMORPH CRT. Additionally, TRMM 3B42V7 showed a more definite capacity to detect extreme precipitation spatially than the other products. However, note that Su et al. [52] indicated that CMORPH CRT had significant advantages over TRMM 3B42V7 for extreme precipitation analysis for the Upper Yellow River because, with its scope for fine time-scale modifications, it was better able to capture heavy precipitation. This difference may be due to the different climate characteristics of the different basins. On the other hand, the poorness of the observational data over the remote areas may have affected the performance of the SPPs.
The Wei River is located in the semi-arid and semi-humid transition zone of China. Compared with other studies that mainly concern heavy precipitation, we have also focused on light precipitation, which may cause drought at the same time. This is mainly reflected in the R0.1 mm, CDD, and CWD indicators. For the R0.1 mm index, four kinds of products (PERSIANN, PERSIANN CDR, CMORPH RAW, CMOPRH CRT) overestimated this index in varying degrees. Especially for PERSIANN CDR, the number of overestimated days was as high as about 100 days. However, PERSIANN CDR had the closest CDD value to the reference data, which suggests that PERSIANN CDR seriously overestimates the precipitation days between 0.1 mm and 1 mm. For the CWD indicator, PERSIANN CDR had the largest deviation (see Figure 10e) . Based on the above analysis, we hold the view that using PERSIANN and CMORPH over the Wei River Basin may lead to a too optimistic view regarding the possibilities about drought.
The SPPs were more accurate in the plain areas than in the mountainous areas. Several studies [22, 23, 29, 53] have similarly discovered that the accuracy of SPPs can be affected by topography. There are several possible reasons. First, the precipitation in the mountainous area of the Wei River Basin is mostly orographic rain with a complex convective system, which increases the difficulty of detection for SPPs. The second reason may be, as Hu et al. [23] have suggested, that there is a decrease in the reflective sensitivity of satellite-based sensors when the topography is more complex. Finally, Tan and Duan [54] proposed a possible reason that less GPCC data from complex mountainous terrain were used for the calibration of the TRMM products. A similar situation may have occurred with other post real-time products (CMORPH CRT and PERSIANN CDR) because there are usually fewer observation stations in mountainous areas. The relationship between the precision of SPPs and topography is complex, and the mechanism is not very clear so far. Further research is required.
According to the analysis above, we recommend that both TRMM 3B42V7 and CMORPH CRT may be useful alternatives to gauge data for basins with a similar climate and topography to the Wei River basin. In addition, TRMM 3B42V7 is more suitable for hazard assessment and risk management research than CMORPH CRT, with both PERSIANN and CMORPH potentially underestimating the seriousness of drought situations. When using TRMM products, the continuity of TRMM products should be noted because the instruments on the TRMM satellite ceased operation in April 2015 [36] . As the successor of TRMM, GPM products with a finer spatial and temporal resolution (0.1 • and half hour) have attracted wide attention of researchers [36, 55] . It may be helpful for monitoring short-duration precipitation in small watersheds [55] . Some studies have found that the ability of GPM to retrieve solid precipitation in high-latitude mountainous areas is also improved [36, 54, 55] . However, the time series covered by GPM is relatively short (2014-present) and cannot be used for long-term related research. In summary, no product can fully meet the needs of all users. For users of SPPs, it is necessary to select suitable products for different climatic zones and different uses firstly. At the same time, ensemble approaches based on different datasets could effectively improve the accuracy of the products [56] . Thus, a feasible way forward would be to develop and select suitable algorithms that can merge multi-source precipitation products. Some researchers made promising steps in this direction [57, 58] , though more investigation is needed in the future.
Conclusions
In this study, we conducted a comprehensive evaluation of six SPPs including TRMM 3B42RT, TRMM 3B42V7, PERSIANN, PERSIANN CDR, CMORPH RAW, and CMORPH CRT for the Wei River basin in China, using the CGDPA as the reference data. We analyzed the accuracy of the datasets at different temporal scales (daily, monthly, and annual) and at different spatial scales (grid, sub-basin, and whole basin) for the period from 2009 to 2014. We then investigated the ability of the SPPs to detect extreme precipitation.
Our evaluation found that, taking all metrics into account, post real-time products (CMORPH CRT, TRMM 3B42V7, and PERSIANN CDR) are better than near real-time products (CMORPH RAW, TRMM 3B42RT, and PERSIANN), suggesting that combination with measured precipitation data would be effective. On the daily temporal scale, TRMM 3B42V7, CMORPH CRT, and PERSIANN CDR showed a relatively good performance. On the monthly and annual scale, TRMM 3B42V7 offered the highest precision. With regard to the spatial distribution of precipitation, the datasets performed better over plains and were disappointing over mountainous areas. Despite this, TRMM 3B42V7 showed more spatial certainty and more potential than the other datasets for monitoring extreme precipitation. This study provides a basis for the selection of alternative precipitation data for related research in the climate transition basin. 
